Research on the relationship between body mass index (BMI) and mortality has led to conflicting results; a lack of agreement about how to adjust for confounders, such as smoking status, has added to the problem. Complicating such analyses is the fact that the BMI-mortality association is not a symmetric quadratic relationship; the distribution tends to be skewed to the right, causing the optimal BMIFwhere mortality is at a minimumFto be overestimated. One way to overcome this problem is by transformation of the BMI distribution to normality. The authors suggest several approaches for doing so, including the use of 1/BMI, or lean body mass index, instead of BMI in modeling. Data sets on 50 cohorts from approximately 30 international studies were used to examine the association (direct, inverse, quadratic or none) between BMI and mortality and to investigate the possible interaction of smoking status. Of the 50 cohorts, 36 showed a quadratic association between BMI and mortality, 10 showed no association and 1 showed a direct association between lean BMI and mortality. Only three cohorts showed a significant interaction between BMI and smoking, which was approximately what one would expect from a 5% significance test, even if no interaction existed. The association between BMI and mortality is not changed when smoking status is ignored in a model or when data on smokers are excluded from analysis. The methodology used in this study could be extended to look for other interactions.
Introduction
When modeling the relationship between body mass index (BMI) and all-cause mortality, investigators have variously described the shape of the association as being linear, U-shaped or J-shaped. Some have reported inverse relationships, others direct. 1 If the BMI-mortality association is modeled as a U-shaped quadratic relationship, the nadir represents the optimal BMI, that is, where mortality is at a minimum. 2 It is important to note that the U shape is somewhat asymmetric, leading to concerns about fitting a quadratic function to BMI-mortality data. In 1984, Waaler 3 argued that this approach tends to overestimate the optimal BMI because the actual curve might not be quadratic. Goetghebeur and Pocock 4 pointed out in 1995 that fitting a symmetric curve to an asymmetric association can lead to anomalous results, such as a minimum outside the range of the available data. A 1996 paper by Allison and Faith 5 simulated 25 asymmetric curves having true minima corresponding to a BMI of 24. When they fitted a quadratic model to these data, however, the nadir of the curve corresponded to an optimal BMI of only 21.1. Thus they concluded that if the true model underlying the BMI-mortality data is unknown, it is impossible to know a priori whether the BMI associated with minimum mortality will systematically overestimate, underestimate or estimate the true optimal BMI.
To overcome such problems involved in modeling the asymmetric relationship between BMI and all-cause mortality, one possible approach is to transform the BMI distribution to normality. The rationale for doing so is based on a 1961 paper by Cornfield et al., 6 who stated that when using logistic regression, if the independent variable (in this case, BMI) has a normal distribution for cases and noncases and if the variability in the cases and noncases is different, then having a quadratic term in the model is more appropriate than having a linear term. Kay and Little 7 extended this work in 1987, further improving the fit of the logistic regression model through transformation by considering the distributions of variables conditional on the outcome group.
Transformation to normality is a viable option for treating some problems associated with modeling the asymmetric, U-shaped association between BMI and all-cause mortality. Nevill and Holder 8 explained that 1/BMI (height 2 /weight) is more appropriate to use than BMI (weight/height 2 ) for investigating some problems, because it is a measure of lean body mass and is, therefore, a better predictor of percentage body fat. Furthermore, they found that BMI deviated considerably from a normal distribution, whereas the lean body mass index (LBMI) was both symmetric and normally distributed. Therefore, transformation to 1/BMI is an appropriate, simple approach that yields a more symmetric distribution than BMI. Figure 1a Does smoking affect the shape of the BMI-mortality association?
Beginning in 1996, through the efforts of the Diverse Populations Collaborative group, individual-level data have been collected from 26 observational studies carried out across the United States and other countries, including China, Norway and Israel. 1 The resulting database consists of 74 analytic cohorts, which include 388 622 individuals with 60 374 deaths occurring during follow-up. The data were broken down into natural strata, such as sex, race and residence parameters (for example, urban, rural). Using these data sets, it was possible to ask how smoking affects the association between BMI and mortality. Specifically, how does smoking affect the shape of the curve? Male smokers, on average, tend to be about 1 BMI unit smaller than nonsmokers and female smokers about 1.5 units smaller than nonsmokers. 9 Therefore, controlling for smoking decreases the BMI associated with minimal mortality. When analyzing the relationship between BMI and mortality, investigators must decide whether to model, ignore or delete smokers before the analysis. How would each of these three options affect the shape of the BMImortality association? This question was addressed by using LBMI as the main indicator of BMI and considering the interactions with smoking for 50 different subgroups derived from the Diverse Populations Collaborative data sets. A hierarchical algorithm with likelihood-based statistics was used to fit the model (Figure 2) .
The coefficients were then tested to determine whether there was no association, a direct or inverse association, a quadratic association or an interaction relationship for each of the data subsets. Of the 50 subsets examined, 36 showed a quadratic association between BMI and mortality. Ten showed no association and one demonstrated a direct association with LBMI (1/BMI). Only 3 of the 50 subsets showed a significant interaction between BMI and smoking, which is about what one would expect from a 5% significance test, even if there were no true interaction present. It may be concluded, therefore, that little formal statistical evidence exists for a significant interaction between BMI and smoking.
For the most part, modeling BMI rather than LBMI has little effect on the shape of the association (Table 1) . In general, the qualitative results would be the same regardless of whether BMI or LBMI is used. However, using BMI as opposed to LBMI to estimate the BMI, where mortality is minimized, leads to an overestimation of about 3.5 BMI units for models based on quadratic terms. The minimummortality BMI using LBMI is 24.3 (95% confidence interval (CI) ¼ 23.7-24.8) compared with 27.8 (95% CI ¼ 26.3-29.4) using BMI. This overestimation is the result of trying to force the association to be symmetric.
Similarly, if one ignores smoking and considers only age as a confounder in the model, the shape of the BMI-mortality association is not affected for most data subsets (Table 2) . When one has quadratic terms, however, ignoring smoking status (as opposed to adjusting for smoking) in the model leads to overestimation of the BMI associated with minimum all-cause mortality. The minimum-mortality BMI is 24.3 (95% CI ¼ 23.8-24.8) when smoking is controlled for in the model and 25.0 (95% CI ¼ 24.5-25.5) when smoking is ignored.
The foregoing paragraphs discussed two possible modeling scenarios: (1) controlling for smoking in the model or None  8  0  2  0  10  Direct  0  1  0  0  1  Quadratic  2  2  29  3  36  Interaction  0  1  0  2  3  Total  10  4  31  5  50 Abbreviations: BMI, body mass index; LBMI, lean body mass index. (2) ignoring it in the model. The third possibility is deleting data from smokers before analysis, that is, using data exclusions. If excluding data from analysis is considered, it is important to keep in mind the loss of statistical power that is a consequence of using a smaller data set. One way to approximate the possible effect of excluding smokers is to compare the results of randomly deleting an equal number of observations using a model-selection algorithm. If, after doing 1000 repetitions using random data deletions and then averaging the results, they are similar, one can conclude that excluding data from smokers would be unlikely to significantly affect the shape of the association. When this approach was applied to the data obtained from 10 data subsets, averaging the results of 10 000 iterations, little difference was found between excluding data on smokers and using random data deletions. 9 
Conclusions
Data exclusion as a way to adjust for possible confounders, such as smoking, is not always desirable or valid. Looking across many existing data sets showed that excluding smokers leads to different findings in terms of the shape of the BMI-mortality association no more often than one would expect by chance alone. In addition, exclusions may lead to a shift in the nadir of the curve, which represents the optimal BMI.
Our modeling also suggests that using LBMI, the reciprocal of BMI, might be a viable means of transforming the BMImortality relationship to normality, thereby leading to a more accurate estimate of the BMI at which mortality is at a minimum.
If one is considering deleting points from a data set, it is best to undertake a simple simulation study or to perform a permutation test to anticipate what the effect of such deletions might be. This process involves deleting on a random basis the same proportion of subjects as would be deleted if the data were excluded to see how the results compare. This approach can be used not only for smoking, but also for exclusions based on other factors.
This result is equivalent to saying that the shape of the relationship between BMI and mortality is not modified by smoking status. In the absence of no interaction, adjusting for smoking in the model would be an appropriate statistical approach.
